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Nurse Value-Added and Patient
Outcomes in Acute Care
Olga Yakusheva, Richard Lindrooth, and Marianne Weiss
Objective. The aims of the study were to (1) estimate the relative nurse effectiveness,
or individual nurse value-added (NVA), to patients’ clinical condition change during
hospitalization; (2) examine nurse characteristics contributing to NVA; and (3) estimate
the contribution of value-added nursing care to patient outcomes.
Data Sources/Study Setting. Electronic data on 1,203 staff nurses matched with
7,318 adult medical–surgical patients discharged between July 1, 2011 and December
31, 2011 from an urbanMagnet-designated, 854-bed teaching hospital.
Study Design. Retrospective observational longitudinal analysis using a covariate-
adjustment value-added model with nurse ﬁxed effects.
Data Collection/Extraction Methods. Data were extracted from the study hospi-
tal’s electronic patient records and human resources databases.
Principal Findings. Nurse effects were jointly signiﬁcant and explained 7.9 percent
of variance in patient clinical condition change during hospitalization. NVAwas posi-
tively associated with having a baccalaureate degree or higher (0.55, p = .04) and
expertise level (0.66, p = .03). NVA contributed to patient outcomes of shorter length
of stay and lower costs.
Conclusions. Nurses differ in their value-added to patient outcomes. The ability to
measure individual nurse relative value-added opens the possibility for development
of performance metrics, performance-based rankings, and merit-based salary schemes
to improve patient outcomes and reduce costs.
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Robust research evidence of the contribution of nurses to patient outcomes has
been generated from analyses of either nursing stafﬁng intensity (hours-per-
patient-day, stafﬁng ratios) or characteristics of nurses (proportion of baccalau-
reate-educated nurses, experience), all measured at the hospital or unit level
(Needleman et al. 2002; Aiken et al. 2003; Weiss, Yakusheva, and Bobay
2011; Blegen et al. 2013; McHugh and Ma 2013). This approach, while valu-
able from aworkforce development and deployment perspective, assumes that
all nurses in the aggregate pool (hospital, unit) are of equal value in achieving
patient outcomes. It does not address two key questions: Do all nurses have the
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same value in achieving positive patient outcomes? If not, what are the characteristics of
high-performing nurses? Conceptualization and measurement of the value of
each individual nurse’s incremental contribution to improved patient-level
outcomes has not been possible without a theoretical lens for studyingmarginal
productivity and, until recently, in the absence of a practical way of linking
patientswith their direct care nurses in electronic hospital information systems.
The construct of “Value-added,” or incremental increase in the value of
output attributable to a productive input, is one of the fundamental concepts
of economics. When applied to measuring a worker’s contribution, it is usu-
ally referred to as “the marginal product of labor” or simply “labor productivity.”
Labor productivity, in turn, is determined by the worker’s human capital, a
term that reﬂects workers’ skills, which are acquired through education and
experience and enhanced by innate aptitude and ability. The classical human
capital theory postulates that, conditional on the worker’s innate characteris-
tics, acquisition of additional human capital through education or experience
will raise the worker’s marginal productivity and increase the value-added
(Becker 1962, 2009).
A collection of data analysis methods associated with this theoretical
perspective is called value-added modeling, or VAM (McCaffrey et al. 2003).
VAMwas developed for the empirical measurement of productivity, or value-
added, of an individual worker relative to other workers participating in the
same production process. The relative ranking of workers based on their indi-
vidual value-added determines worker effectiveness, with high value-added
workers deemed more effective. This manuscript adapts this theoretical and
methodological approach to the delivery of health care, by applying, for the
ﬁrst time, the concept of “value-added” and the methods of VAM to the mea-
surement of nurse effectiveness (i.e., relative value-added) in improving in
patient outcomes.
In the discipline of economics, VAM approaches to measuring the inde-
pendent contributions of individual providers to recipient outcomes have
been well developed and tested. These quantitative outcomes-based
approaches have found practical applications in educational assessment of tea-
cher effectiveness on the basis of student achievement (Murnane 1975;
Address correspondence to Olga Yakusheva, Ph.D., Division of Systems Leadership and Effec-
tiveness Science, School of Nursing, Department of Health Management and Policy, School of
Public Health, University of Michigan, 400 North Ingalls Building, Ann Arbor, MI 48109-5482;
e-mail: yakush@umich.edu. Richard Lindrooth, Ph.D., is with the Department of Health Systems,
Management and Policy, School of Public Health, University of Colorado, Aurora, CO.Marianne
Weiss, D.N.Sc., R.N., is with the College of Nursing, Marquette University,Milwaukee,WI.
1768 HSR: Health Services Research 49:6 (December 2014)
Hanushek 1979; Sanders and Rivers 1996; Sanders, Saxton, and Horn 1997;
Wright, Horn, and Sanders 1997; Rivkin, Hanushek, and Kain 2000; Rowan,
Correnti, and Miller 2002; McCaffrey et al. 2003). With direct parallels to
nurse effectiveness and patient outcomes, VAM has potential to demonstrate
the importance of individual nurses as a source of variance in patient out-
comes and to produce actionable implications for health care reform through
improved nurse evaluations or as part of performance-based accountability
(McCaffrey et al. 2003). The methodological advantage of VAM lies in the
use of statistical techniques to separate the effects of nurses from other factors;
this is critical for accountability systems to work as intended. The advantage
from a policy perspective is the possibility of linking differences in nurse effec-
tiveness to characteristics of nurses, providing evidence for policy actions to
invest in acquired nurse characteristics, such as education, with the goal of
increasing nurse value-added (NVA) and effectiveness in achieving health care
outcomes.
Identiﬁcation of characteristics of high value-added nurses can help hos-
pitals target investments in workforce development to increase the number of
nurses with high value-added characteristics. A growing body of evidence
relates higher average levels of nursing human capital (in a hospital or unit) to
improved patient outcomes. These characteristics include a higher proportion
of nurses with a baccalaureate degree (Aiken et al. 2003, 2011, 2014; Blegen
et al. 2013), higher average nurse experience (Dunton et al. 2007), nurse certi-
ﬁcation (Kendall-Gallagher et al. 2011), and nurse dose (composite of educa-
tion, experience, and skill mix) (Manojlovich et al. 2011). However, it is not
known if, among nurses working on the same unit or in the same hospital, indi-
vidual nurses with a baccalaureate degree or more experienced nurses, are, in
fact, more effective in providing patient care than their less-educated and less-
experienced peers. Measuring nurse effectiveness at the individual nurse level
allows us to relax the implicit assumption that all nurses make equal contribu-
tions and examine not only the entire distribution of nurse effectiveness but
also allow us to identify human capital characteristics that distinguish high
performers from low performers.
Advances in health information technologies now incorporate identiﬁca-
tion of each care provider at each data point entered into the electronic health
record (EHR), thus allowing direct linkages between patients and each individ-
ual nurse providing care over the course of hospitalization. Establishing the
direct link between individual NVA and a patient’s outcomes will demonstrate
that the aggregate results are robust to alternative speciﬁcations, further strength-
ening the case for a causal interpretation of the associations consistently found in
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a variety of settings. For individual nurses, the ability to measure a nurse’s value-
added contributions relative to other nurses is a critical, but as yet underdevel-
oped methodological foundation to performance metrics, performance-based
rankings, and pay-for-performance schemes.
With the objective of understanding the relationship of the relative
value-added of individual nurses’ contributions to their patients’ outcomes,
the aims of this study were to (1) estimate the relative nurse effectiveness, or
value-added to their patients’ clinical condition trajectories during hospitaliza-
tion; (2) examine the nurse-level associations of nurse human capital measures
(education, experience, expertise) and other nurse characteristics (age, gen-
der) to NVA; and (3) examine, at the patient level, the association of nurse
effectiveness to patient outcomes (change in clinical condition, length of stay
[LOS], costs, 30-day readmission).
METHODS
The study was a retrospective observational analysis of individual nurse con-
tributions to patient-level outcomes.We applied a VAM approach using longi-
tudinal electronic inpatient clinical data to estimate nurse effects (McCaffrey
et al. 2003).
Data Sources
Following IRB review, we extracted deidentiﬁed data from electronic data-
bases at the study hospital. We matched patient and nurse data using the
nurse assessment inputs into the EHR database that retains the identiﬁer of
each nurse inputting data for each patient. Patient data were extracted from
the ﬁnancial database (patient characteristics), EHRs (clinical condition
updates, nurse assessment inputs with nurse identiﬁers), and the Patient
Activity Database (PAD) that records admission/discharge/transfers (unit
placements). The nurse identiﬁers were used to extract nurse characteristics
from the human resource database (nurse education, expertise level, age,
hospital tenure, gender).
Sample and Setting
The sample was derived from adult nonpsychiatric inpatients with a dis-
charge disposition recorded during the 6-month period between July 1,
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2011 and December 31, 2011 at an urban academic medical center accred-
ited by The Joint Commission and designated by the American Nurses Cre-
dentialing Center as a Magnet facility. Our data extraction criteria
included all adult (18 and older) patients with a record of being on a medi-
cal–surgical unit at any point during their hospitalization episode
(N = 13,127). We then excluded observation patients (n = 575) and patients
with pediatric and nonmedical/surgical discharge diagnoses (n = 561),
resulting in 11,991 eligible inpatient discharges. After merging with nurse
identiﬁers, the resulting sample was 7,318 patients and 1,522 nurses.
Because we estimate nurse-speciﬁc effects, nurses matched with fewer than
10 patients each (n = 319) were eliminated. The ﬁnal sample included 7,318
patient hospitalizations linked to 1,203 nurses, or 61 percent of all eligible
inpatient discharges (Figure 1). Compared to all eligible patients, the
patients in the ﬁnal analysis sample were younger (55.7 vs. 58.9, p < .01),
more likely to be privately insured (35 percent vs. 31 percent, p < .01), and
less likely to be on Medicare (38 percent vs. 46 percent); the other patient
characteristics were nonsigniﬁcantly different.
Included: 13,127 adult
(18+) hospitalizations
during 7/1/11-12/31/11
with a record of being
on a medical-surgical
unit
Excluded: 575
observation patients;
561 pediatric or non-
medical-surgical patients
11,991 eligible patients Excluded: 4,673 patients
not matched with nurses
7,318 patients
1,522 nurses
Excluded: 319 nurses
with <10 patients
Final sample:
7,318 patients
1,203 nurses
Aim 1: 7,318
patients and
1,203 nurses
(87,426 nurse-
patient-unit
observations)
Aim 2: 957
nurses (246
nurses excluded
due to missing
data)
Aim 3:
NVA model: 3,826
patients from
months 1-3 and
785 nurses (418
excluded due to
<10 patients in
months 1-3 or 4-6)
Outcomes models:
3,492 patients
from months 4-6
Figure 1: Sample Selection
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Measures
Nurse Characteristics. Data on nurse characteristics were obtained from nurse
proﬁles within the human resources electronic databases. Nurse education
level represents the highest level of education attained and was coded as a cat-
egorical variable: Diploma, Associate’s degree, and Bachelor’s degree or
higher. Nurse expertise was coded as a four-level categorical variable for each of
the expertise level classiﬁcations in the hospital’s nurse professional development
framework based on the work of Benner (1984) (CNI = “Novice or Advanced
Beginner”/CNII = “Competent”/CNIII = “Proﬁcient”/CN4 = “Expert”). Nurse
age and experience, measured as tenure at the hospital, were recorded in years;
gender was coded as a dichotomous indicator with female as the reference cate-
gory.
Patient Outcomes. In-hospital all-cause mortality and same-hospital all-cause
30-day readmission were coded as dichotomous variables with nonoccurrence
as the reference category. LOS was computed in days from the time of admis-
sion to the time of discharge. Hospitalization cost represented the sum of
direct and indirect costs derived from the hospital’s billing, payroll, general
ledger, and individual departments’ resource utilization databases, at the
patient level, using cost accounting software (Azoulay et al. 2007).
Clinical condition was measured with the Rothman Index (RI), a sum-
mary metric of the patient’s clinical condition that integrates 26 clinical
parameters available in the EHR, including nurse assessments (e.g., food/
nutrition, skin, psycho-social, etc.), vital signs (e.g., temperature, blood pres-
sure, etc.), heart rhythms (sinus bradycardia, sinus rhythm, etc.), and lab tests.
Using proprietary software adopted by the study site, the RI tracks clinical
condition over the course of hospitalization through real-time updates as new
information is entered into the system. The RI score is a subtraction index
from 100 with a theoretical range of 69 to 100 and higher values indicating
better clinical condition and lower mortality risk. Construct validity has been
evaluated in a prior study in three acute care hospitals by examining the
relationship of the RI score to other indicators of clinical condition, resulting
in area under the receiver operating characteristics curve (AUC) estimates of
≥0.92 for six discharge destination categories, AUC ≥0.93 when predicting
24 hours mortality, and AUC = 0.62 for 30-day readmission (Rothman,
Rothman, and Solinger 2013). RI scores less than 40 were associated with a
ﬁvefold increase in the risk of 30-day mortality, and RI scores of less than 80
1772 HSR: Health Services Research 49:6 (December 2014)
at discharge were associated with a nearly 2.5-fold risk of an unplanned read-
mission (Rothman et al. 2012, 2013; Bradley et al. 2013; Rothman, Rothman,
and Solinger 2013). For this study, we used the ﬁrst recorded RI as the admis-
sion RI, the last recorded score as the discharge RI, and the difference
between admission and discharge RI as the change in clinical condition during
hospitalization.
Patient Control Variables. Patient control variables were consistent with con-
trols used in earlier studies (Kansagara et al. 2011): demographic characteris-
tics (age in years, gender), insurance type (private/Medicare/Medicaid/none),
an indicator for a surgical admission (based on the attending physician’s
department of record), and an indicator for a hospitalization within 30 days
prior to the index admission. To ensure that the nurse contributions were not
confounded by systematic variation in nurse characteristics and patient out-
comes across different patient types and other factors (such as contributions of
nonnurse medical team members and time trends), all models included sets of
ﬁxed effects for unit assignment, diagnosis, medical team assignments, and
calendar week and day. Unit assignment ﬁxed effects were based on the
patient’s location record from the PAD at the time of contact with each nurse
(categorized using 33 unique “ﬂoor” PAD codes); discharge diagnosis groups
were categorized based on the primary discharge diagnosis using the Agency
for Healthcare Research and Quality Clinical Classiﬁcation Software (49 cate-
gories); medical team assignment ﬁxed effects were based on 43 codes from
the EHR that designate the physician team responsible for the patient’s care
during the hospitalization; calendar week ﬁxed effects (27–52) and day of the
week ﬁxed effects (1–7) were categorized based on the discharge date. For the
diagnosis ﬁxed effects, categories with 10 or more patients are assigned a
unique ﬁxed effect; the rest are combined into the respective reference catego-
ries. Fixed effects categories with a minimum of 10 observations per category
reduced the ﬁnite sample bias related to inclusion of ﬁxed effects in a nonlin-
ear model (Greene 2004).
Analysis Methods
Aim 1. To obtain the NVA estimates, we used a covariate-adjustment value-
added estimation technique with nurse ﬁxed effects (Murnane 1975; Hanu-
shek 1979; Sanders and Rivers 1996; Sanders, Saxton, and Horn 1997;
McCaffrey et al. 2003). We estimated a linear regression of the change in
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patient’s RI score from admission to discharge on the set of nurse ﬁxed effects,
conditional on the patient’s admission RI score and adjusting for the patient’s
characteristics, and the sets of ﬁxed effects capturing non-nurse-related factors
(unit, diagnosis, medical team assignment, calendar week and day). This
allowed us to partition variation in the change in the clinical condition during
hospitalization into the component explained by individual nurse ﬁxed effects
(NVA contributions), the component attributable to non-nurse-related factors
(patient characteristics and other care-related factors like unit effects or time
trends), and the unexplained error term.
Because patients were linked with multiple nurses and many were on
multiple units during the course of hospitalization, we estimated the model at
the patient–nurse-unit level. This means that a patient who received care on
two units and was linked to two nurses on each unit would represent four
observations, one for each patent–nurse-unit match. We estimated the model
using the “survey” preﬁx in Stata11.0 using inverse frequency weights and
clustering at the nurse level, to ensure that the estimates are not biased due to
the structural properties of these data. The joint contribution of nurse ﬁxed
effects was examined using the change in the R-squared attributable to the
ﬁxed effects and the multiple F-tests of joint signiﬁcance.
In ﬁxed effects VAM, nurse ﬁxed effect coefﬁcients are estimated rela-
tive to the “reference nurse” arbitrarily omitted from the regression. To correct
for bias associated with the selection of a particular nurse as the arbitrary refer-
ence category, the ﬁxed effects were transformed by subtracting their mean.
The transformation centered the estimates around zero, while preserving the
relative ranking as well as the scale of differences among nurses (Murnane
1975; Hanushek 1979).
Aim 2. The transformed coefﬁcients of the nurse ﬁxed effects were used as the
estimates of individual nurses’ NVAs to examine the association of NVAwith
nurse characteristics (education, expertise level, tenure at the hospital, age,
and gender). A nurse-level multivariate linear regression of NVA on the nurse
characteristics was used, controlling for unit ﬁxed effects and adjusting for
error term correlation at the unit level. Nurses with a missing record of educa-
tion or expertise level (n = 246) were excluded from the analysis for this aim.
Aim 3. We estimated the models for patient outcomes as functions of the
NVA of the patient’s direct care nurses. This was achieved in a four-step
1774 HSR: Health Services Research 49:6 (December 2014)
process designed to test for, and minimize, statistical biases from circular use
of data and nonrandom nurse assignments.
First, because NVAs in Aim 1 were estimated from a change in
patient RI scores, regressing patient outcomes back on NVAs could lead to
incorrect estimates (Kupermintz 2002). To avoid this, we split the sample
into two partitions based on the discharge date (months 1–3, n = 3,826/
months 4–6, n = 3,492) and obtained two sets of NVAs, one for each parti-
tion, using the VAM approach described in Aim 1. We examined the persis-
tence of NVA between the two partitions using a correlation coefﬁcient and
a two-way scatter plot. Nurse ﬁxed effect coefﬁcients from the ﬁrst partition
were then used as measures of NVA for patients from the second partition.
This method required that each nurse be linked to patients in both parti-
tions; therefore, 418 nurses were excluded from the analysis for this aim,
leaving 785 nurses.
Second, for the second partition (n = 3,492), we constructed a
patient-level measure of NVA using a weighted average of nurse ﬁxed effect
estimates from the ﬁrst partition, weighted by the relative frequencies of
the patient’s contact with each of the nurses during the patient’s hospitaliza-
tion. The number of direct care nurses used in computing patient-level
NVA is correlated with hospital LOS because as the number of days in
the hospital increases, the exposure to more nurses is also more likely. This
causes patients with the shortest LOS to have the highest and the lowest
NVA values and could bias the results (Yakusheva, Lindrooth, and Weiss
2014). To control for this bias, we included a cubic polynomial in the num-
ber of direct care nurses as additional controls in all models for this Aim.
Third, random assignment is a key identifying assumption of VAM
(McCaffrey et al. 2003). We tested whether patients were randomly
assigned to nurses, by estimating a linear regression of the patients’ admis-
sion RI scores on NVA, conditional on patient characteristics, and diagno-
sis, unit, medical team assignment, and calendar ﬁxed effects, and
adjusted for correlation of the error term at the nurse level. For patients
hospitalized on multiple units, unit ﬁxed effects were categorized to include
all unit assignments (Yakusheva, Lindrooth, and Weiss 2014). A lack of sta-
tistical signiﬁcance of the NVA coefﬁcient is consistent with random assign-
ment.
Finally, we estimated multivariate models to examine the association of
NVA with patient outcomes using the same approach. A linear regression
model was used for the change in clinical condition and a logistic model was
used for readmission. A GLM model with log-links was used for LOS and
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costs, to reduce bias due to positively skewed distributions of the variables
(Manning 1998; Manning andMullahy 2001).
RESULTS
The sample was 50 percent male, with a mean age of 56 years, and comprised
of 60 percent medical and 40 percent surgical patients (Table 1). The average
RI score at admission was 75 (ranging from 23 to 99), which was consistent
with other studies that used the RI score (Rothman et al. 2012; Bradley et al.
2013; Rothman, Rothman, and Solinger 2013). Fourteen percent of the sample
had a prior hospitalization within 30 days of admission. The in-hospital mor-
tality rate was 1.4 percent, and the readmission rate was 16 percent. Means for
LOS and costs were 5.5 days (median, 3 days) and $20,203 (median,
$10,949); the skewness test statistic was 14.80 for LOS and 9.60 for cost, sug-
gesting a high degree of positive skewness. On average, patients were linked
to 4.98 nurses over the course of hospitalization. The average nurse age was
35 years, and the average tenure at the hospital was 6 years. Close to 70 per-
cent of the nursing staff with available education data had a baccalaureate
degree or above.
Aim 1
The nurse ﬁxed effects were jointly signiﬁcant at p < .01 and explained 7.9 per-
cent of variance in patient clinical condition trajectories. The transformed esti-
mated coefﬁcients of nurse ﬁxed effects ranged from 23.46 to 22.0, with the
standard deviation of 3.90. The frequency distribution of the ﬁxed effects was
symmetrical (sk-test = 0.086) and had a positive excess kurtosis (8.52); Shap-
iro–Wilk test rejected normality at p < .01 (Figure 2). Nurses ranked in the
top 20 percent had an average NVA of 5.53 RI points, and nurses in the bot-
tom 20 percent had an average NVA of4.85 RI points.
Aim 2
Nurse characteristics explained 7.0 percent of variance in NVA (Table 2).
NVA was positively associated with nurse education at the baccalaureate or
higher levels. Relative to nurses with a diploma, nurses with a baccalaureate
degree or higher had 0.55 (p = .04) RI points higher NVAs; NVA at the associ-
ate level was not signiﬁcantly different from the NVA at the diploma level.
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Table 1: Descriptive Statistics of Sample
Variable N (%)
Nurses,N = 1,203
Age
Mean (SD) 35.69 (10.93)
Education
Diploma 100 (8.3)
Associate’s degree 200 (16.6)
Bachelor’s degree 611 (50.1)
Master’s/doctoral degree 46 (3.8)
Unknown 246 (20.4)
Expertise level
CN1 294 (29.3)
CN2 600 (49.9)
CN3 183 (18.2)
CN4 33 (2.7)
Unknown 93 (7.7)
Tenure at the hospital
Mean (SD) 6.20 (8.1)
Patients, N = 7,318
Age
Mean (SD) 55.66 (19.32)
Sex
Male 3,699 (50.5)
Female 3,619 (49.5)
Insurance type
Medicare 2,592 (35.4)
Medicaid 1,692 (23.0)
Blue cross/commercial 2,786 (38.1)
Other/uninsured 248 (3.4)
Service type
Medical 4,348 (59.4)
Surgical 2,970 (40.6)
Hospitalization within 30 days prior to admission
No 6,319 (86.3)
Yes 999 (13.7)
Rothman index (RI) at admission
Mean (SD) 75.78 (18.12)
RI at discharge
Mean (SD) 78.59 (17.24)
RI change
Mean (SD) 2.81 (14.88)
Patient died during hospitalization
No 7,216 (98.6)
Yes 102 (1.39)
continued
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There was also a signiﬁcant effect of nurse expertise level; compared to “nov-
ice” or “advanced beginner” nurses, being at the “Proﬁcient” or “Expert” lev-
els was associated with a 0.66 (p = .03) RI points higher NVA. Nurse age,
gender, and hospital tenure were nonsigniﬁcant.
Table 1. Continued
Variable N (%)
Patient readmitted within 30 days
No 6,170 (84.3)
Yes 1,148 (15.7)
Length of stay, days
Mean (SD)/median/retransformedmean* 5.54 (7.57)/3/3.48
Total cost of hospitalization, $
Mean (SD)/median/retransformedmean* 20,203.48 (30,381.84)/10,949.25/11,887.67
*Retransformed smearing-adjustedmean of the log-transformed variable.
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Figure 2: Frequency Distribution of Nurse Value-Added (NVA),N = 1,203
Note. The ﬁgure shows a frequency histogram of the standardized nurse ﬁxed effect estimates,
using change in patient condition as the dependent variable and a covariate adjusted value-added
modeling (VAM) regression with nurse ﬁxed effects. Other controls include patient characteristics
and diagnosis, unit, care team, and calendar ﬁxed effects. The superimposed distribution is normal
with the same ﬁrst and secondmoments.
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Aim 3
NVA estimates obtained from the two partitions were signiﬁcantly and
positively correlated between the two partitions (nurse-level correlation coefﬁ-
cient, 0.23, p < .01). A two-way scatter plot showed an overall positive linear
trend with heteroscedastic variance (Cook–Weisberg chi-square test, 232.85,
p < .01). The coefﬁcient of the NVA in the analysis of admission RI scores was
nonsigniﬁcant (0.013, p = .36), suggesting that nurses were essentially ran-
domly assigned to patients. Controlling for patient characteristics and diagno-
sis, unit assignment, medical team, and calendar ﬁxed effects, a one standard
deviation increase in patient-level average of NVA (SD = 2.02, in the ﬁrst par-
tition) was associated with a 6.5 percent (p < .01) reduction in costs of hospital-
ization, and a 2.6 percent (p < .01) reduction in the LOS (Table 3). The effect
of NVA on the RI change and 30-day readmission was nonsigniﬁcant.
DISCUSSION
The analysis of Aim 1 produced evidence of signiﬁcant individual variation in
nurse effectiveness, measured as relative value-added. While most nurses’
value-added estimates clustered tightly around the mean, high-performing
nurses (top 20 percent) had, on average, approximately 10 RI points greater
value-added compared to low-performing nurses (bottom 20 percent), provid-
ing evidence that high performers produce greater improvement in their
patients’ clinical condition. With the average patient’s end-of-hospitalization
RI being close to 75 points, the 10-point difference between high- and low-per-
Table 2: Nurse Characteristics and Nurse Value-Added (NVA),N = 957
Variables NVA
Education: Associate degree 0.364 (0.23)
Education: Bachelor degree or higher 0.554* (0.04)
Expertise level: CNII 0.004 (0.99)
Expertise level: CNIII/CNIV 0.657* (0.03)
Tenure at hospital 0.036 (0.08)
Age 0.003 (0.75)
Sex: male 0.298 (0.32)
R-squared 0.070
Note. Shown are regression coefﬁcients from an ordinary least squares regression NVA and nurse
characteristics using the sample of N = 957 nurses; the model also included unit level ﬁxed effects;
the estimates are adjusted for correlated errors at the unit level.
Robust p-values are in parentheses, *<.05.
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forming nurses could have signiﬁcant implications for the patient’s risk of
mortality (RI <65) and readmission (RI <80) (Rothman, Rothman, and Solin-
ger 2013). Split-sample analysis revealed a signiﬁcant correlation in NVA
between the samples, indicating that the individual nurse effects were persis-
tent and nurse-speciﬁc. The observed differences among nurses, and their
robustness across samples, serve as “proof of concept” for measuring relative
NVA, lending credibility to the idea of using similar approaches to create
unique andmeaningful individual nurse effectiveness rankings.
Signiﬁcant differences in individual NVAs were observed in Aim 2 by
the nurse characteristics. NVA was strongly and positively associated with
baccalaureate education, suggesting that investments in upgrading nurse edu-
cation and preferential hiring practices have a potential of improving the
value-added of nursing care. This ﬁnding provides evidence at the individual
nurse–patient level, expanding and validating hospital-aggregate level results
Table 3: Exposure to Nurse Value-Added (NVA) and Patient Outcomes,
N = 3,492
Variable
(1) (2) (3) (4)
RI Change Cost LOS Readmission
NVA, z-score 0.025 (0.10) 0.065** (<0.01) 0.026** (<0.01) 0.878 (0.09)
Patient
characteristics
RI score at
admission
0.529** (<0.01) 0.052** (<0.01) 0.037** (<0.01) 0.834* (<0.01)
Sex: Female 0.099** (<0.01) 0.050* (0.0369) 0.047** (<0.01) 0.867 (0.263)
Age: 45–54 0.011 (0.745) 0.139** (<0.01) 0.047** (<0.01) 0.956 (0.809)
Age: 55–64 0.093* (0.0108) 0.034 (0.325) 0.050** (<0.01) 0.693 (0.0684)
Age: 65–74 0.128** (<0.01) 0.092* (0.0149) 0.077** (<0.01) 0.636 (0.0665)
Age: 75+ 0.439** (<0.01) 0.034 (0.483) 0.103** (<0.01) 0.633 (0.0724)
Type of
admission:
surgical
0.389 (0.0779) 0.400* (0.0372) 0.145 (0.0621) 1.373 (0.0635)
Prior
hospitalization:
no
0.158** (<0.01) 0.035 (0.312) 0.079** (<0.01) 0.457** (<0.01)
Goodness-of-ﬁt 0.534 1.241 1.025 0.196
Note. Shown are regression coefﬁcients from an ordinary least squares regression (1), GLM regres-
sion (2)-(3), and odds ratios from a logistic regression (4), using the sample of n = 3,492 patients
hospitalized during the months 4–6 of the study. The goodness-of-ﬁt statistic is adjusted R-squared
for model (1), scaled Pearson chi-squared for models (2) and (3), and pseudo-R-squared for model
(4). LOS and cost coefﬁcients represent approximate percentage changes. Other controls included
are diagnosis, unit assignment proﬁle, and calendar week and day ﬁxed effects. The estimates are
adjusted for correlated errors at the nurse level.
Robust p-values are in parentheses, *<.05, **<.01.
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and improving causal inference about the relationship of BSN education to
improved patient outcomes. Nurse expertise level was also positively associ-
ated with NVA. The concept of expertise has been difﬁcult to measure as hos-
pital classiﬁcations are typically organization-speciﬁc as is the classiﬁcation in
this study. A few studies have explored expertise, often using experience and
education as surrogate metrics (McHugh and Lake 2010); however, no prior
studies using expertise classiﬁcations have found quantitative evidence of an
impact on patient outcomes. The dual ﬁndings of positive associations of edu-
cation and expertise levels with NVA in this study speak to the importance of
upgrading the nurse workforce to BSN level and to organizational practices
focused on developing and retaining expert nurses. However, the nurse char-
acteristics, combined, explained only 7 percent of the variance in NVA, point-
ing out the potential importance of other nurse attributes not captured in this
study (e.g., aptitude, ability).
The ﬁndings for Aim 3 highlight the role of high value-added nursing in
improving patient outcomes. Patients who received care from high value-
added nurses had shorter hospitalizations and lower costs. While the effects
were small, the split-sample design resulted in measuring only the effect of the
time-invariant component of nurse effectiveness, eliminating any nurse-spe-
ciﬁc time-variant (e.g., experience and education increasing over time) or tran-
sient (e.g., variation in overtime hours, or illness) factors. Our estimates
therefore are likely to be conservative.
Collectively, the three study aims contribute to a more granular under-
standing of the nurses’ contributions to patient outcomes. Aim 1 shows that
nurses differ in their value-added and effectiveness as direct care providers to
patients;Aim2 reveals that these differences are only partly explained by educa-
tionandexpertise, and thatmany factors thatdistinguishhigh-performingnurses
are yet tobemeasuredandexplained;Aim3demonstrates that thedifferences in
individual nurse effectiveness may have nontrivial implications for patient out-
comes and costs. Taken together, the results highlight the need to recognize indi-
vidualnurses as eachbeingaunique and integral componentof the care-delivery
process. Achieving high-quality patient care and reducing costs will require that
high-performingnurses are identiﬁed, recognized, and rewarded.
The NVA approach could potentially be applied to performance
measurement and compensation enhancement models. Traditionally,
performance appraisals use institutionally developed criteria (Weathers and
Raleigh 2013) and are conducted through communication with managers,
peer review, and self-assessment of performance (Stonehouse 2013). While
certiﬁcation has been used as a metric for competency and has been associated
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with improved patient outcomes (Kaplow 2011; Kendall-Gallagher et al.
2011), the NVA approach is more granular, producing individualized nurse
performance assessments. The potential for unintended consequences of this
approach needs careful exploration in considering its utility for application in
performance evaluation and merit payment schemes.
The study was subject to several limitations. First, the RI score was
based on clinical indicators and nurse assessments only; these point-in-time
measures of the patient’s clinical condition serve as proxies, but not direct
measures of severity of illness. In addition, primary diagnosis ﬁxed effects do
not control for secondary diagnoses and complications. However, variation
in secondary diagnoses and procedures are captured, in part, by variation in
the RI. Insufﬁcient controls for severity of illness would bias our estimates
downward (i.e., toward the null hypothesis) if high performers were system-
atically assigned to more severely ill patients and will likely lead to underesti-
mates of the importance of NVA and human capital. Second, the nurse
experience variable reﬂects only hospital-speciﬁc human capital because it
was derived from nurse tenure at the hospital; the total amount of experience
was not available in the study data. Specialty certiﬁcation was not available
in the dataset and could not be evaluated as a nurse characteristic related to
expertise. Not fully capturing experience and certiﬁcation could bias our
results in Aim 2; however, the inclusion of the nurse’s age in the Aim 2 speci-
ﬁcation will in part control for experience at other hospitals. Third, the esti-
mates of value-added of high-performing nurses could be biased down by
low-performing nurses caring for the same patient, and, conversely, the con-
tributions of low-performing nurses could be biased upward by high-per-
forming nurses. However, because nurses in our sample were matched, on
average, with 108 patients, these biases are not likely to affect relative rank-
ings of nurses in the distribution of nurse effectiveness. Moreover, the poten-
tial underestimation of high performers (and overestimation of low
performers) means that the true underlying differences in value-added
between high- and low-performing nurses are likely higher than our study
estimates, and their implications for patient outcomes are likely greater.
Fourth, the split-sample approach was used to ensure that the estimates are
not subject to reusing the same data and are not biased due to the effects of
unobserved nonnurse factors (e.g., seasonal trends). While this enabled us
to reduce potential bias, it came at the cost of reduced efﬁciency due to a
smaller estimation sample. Thus, our estimates are conservative and further
contribute to understated statistical signiﬁcance of NVA for patient out-
comes. Fifth, the readmission measure did not include return visits to other
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facilities, which accounted for 19 percent of heart failure readmissions in
2006 CMS data (Nasir et al. 2010) and could have further contributed to the
lack of signiﬁcant effects on readmission. Sixth, hospitalization cost computa-
tion uses a complex formula of hospital-wide and unit ﬁxed cost allocations
as well as direct care costs, potentially causing a measurement error in the
cost model. Any bias resulting from unit variation in allocation method is
minimized by inclusion of unit-level ﬁxed effects. If the error is nonsystem-
atic, our approach is subject to attenuation bias but practical in large-sample
analyses (Azoulay et al. 2007). Lastly, the study data came from a single facil-
ity with a high proportion of BSN-educated nursing staff, limiting generaliz-
ability of our ﬁndings to other settings. The effect of NVA may be
substantially different at hospitals with different quality improvement pro-
cesses, management practices, cost measurement methods, and other unmea-
sured characteristics that may be correlated with the outcomes and, at the
same, time inﬂuence the effectiveness of nursing care.
Despite these limitations, this paper presents a novel approach to
assessing differences in nurse productivity and understanding its relationship
with measured attributes of human capital, and to patient outcomes; unmea-
sured variables make our estimates conservative. NVA and human capital
would likely continue to be an important determinant of outcomes in future
studies that have access to more variables. We hope that this approach serves
as the basis for future studies using different samples, outcomes, and controls,
so that the validity of the VAM approach and generalizability of our results
to other hospitals and work environments can be assessed.
CONCLUSIONS
The ﬁndings of this study strengthen the body of evidence in support of stra-
tegic federal, state, and health system initiatives to build toward a baccalaure-
ate-educated workforce. Identiﬁcation of baccalaureate education as a
characteristic of high value-added nurses, and targeting investments in work-
force development to ensure that a complement of high value-added nurses
are deployed to direct patient care, could improve patient outcomes and
reduce costs of care.
Further reﬁnement and use of NVA methods is an innovative approach to
measuring nurse effectiveness and differentiating nurses based on their relative
value-added. Performance ranking and performance-based compensation are
possible future applications of this novel approach, but they need careful scrutiny.
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